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Abstract. The performance of deep neural networks highly depends
on the quality and volume of the training data. However, cost-effective
labelling processes such as crowdsourcing and web crawling often lead
to data with noisy (i.e., wrong) labels. Making models robust to this
label noise is thus of prime importance. A common approach is using
loss distributions to model the label noise. However, the robustness of
these methods highly depends on the accuracy of the division of training
set into clean and noisy samples. In this work, we dive in this research
direction highlighting the existing problem of treating this distribution
globally and propose a class-conditional approach to split the clean and
noisy samples. We apply our approach to the popular DivideMix algo-
rithm and show how the local treatment fares better with respect to the
global treatment of loss distribution. We validate our hypothesis on two
popular benchmark datasets and show substantial improvements over the
baseline experiments. We further analyze the effectiveness of the proposal
using two different metrics - Noise Division Accuracy and Classiness.

Keywords: Learning with Noisy Labels · Label Noise Modelling ·
Class-conditional data splitting

1 Introduction

Deep Neural Networks (DNNs) have gained immense attention in the research
community due to their success in various challenging domains. High-performing
models in all verticals require good quality data of huge volume. However, it is
difficult to create such large datasets with high precision as it is labour-intensive,
both in collecting and labelling the samples [16]. Crowdsourcing and using semi-
automatic labelling pipelines on web-scrapped data reduce the cost of creating
datasets. However, they lead to the introduction of noise in the assigned labels
[23,24,30]. As a result, real-world datasets tend to have significant label noise,
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estimated to be in the range of 8.0% to 38.5% [26]. Modern DNNs have a high
number of learnable parameters compared to the size of the dataset and often
result in overfitting to the label noise [32].

Learning with Noisy Labels (LNL) was introduced in the late 1980s s [1] and
has been a long-studied problem with a focus on making the models robust to
the label noise. Loss modification-based methods use noise distribution to create
more robust loss functions [19], replacing the cross entropy loss or using a noise
transition matrix [25]. Correctly estimating the noise and creating methods that
are robust to high noise levels are very challenging tasks. Other methods that
use sample selection [18] or reweighting [33] use ad-hoc criteria to select noisy
samples and reduce the impact on the learning process. The challenge here is
the selection of a good criterion to split the clean and noise samples.

Semi-supervised learning (SSL) is a helpful strategy for reducing the cost of
annotating datasets. SSL-based frameworks use a limited subset of the original
dataset being carefully labelled and learn the unlabelled data, which is multi-
fold larger. Recent LNL methods aimed at combining SSL methods and robust
loss methods. DivideMix [15] is a popular benchmark that uses two networks to
learn the noisy data. At each iteration, one of the networks divides the data into
a clean and a noisy datasets, which are then used to train the other network.
DivideMix formed the basis for a new family of algorithms [13,27,34]. Several
methods based on DivideMix have improved various stages of the pipeline. One of
the important questions in most of these methods is How to effectively demarcate
the clean and the noisy samples? As can be seen with all the works, the selection
of clean samples plays an important role in the subsequent sub-tasks. The usage
of loss distribution to split the samples has been a well-documented technique.
However, not all samples in the training set are learned in the same rate, which
hinders noise detection using this technique [21]. Here, we explore this global loss
conundrum. We study the division in detail and propose a per-class label noise
modelling. We adapt the noise model for each class and create a local threshold
used to separate the clean and noisy samples. In order to further study this effect,
we propose new metrics to identify the class behaviour of the LNL algorithm.
The key contributions of this paper are as follows:

– First, we highlight and study the noise modelling obstacle present in the
existing LNL algorithms.

– Second, we propose a class-conditional label noise modelling approach. By
replacing the existing global-noise modelling in the popular DivideMix algo-
rithm, we show how the class-conditional approach benefits the algorithm.

– Finally, we introduce new metrics to understand the importance of learning
with class importance and show the improvement using two public datasets.

2 Related Works

Typical approaches in LNL algorithms include the use of advanced techniques
such as sample selection, loss correction, label correction, sample reweighting or
using robust loss methods [8]. Sample selection methods deal with finding clean
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samples using different strategies such as small loss [9] and topological informa-
tion [31]. Loss correction is achieved by reweighting the loss to avoid overfit-
ting on noisy samples, which helps mitigate the errors introduced by wrongly
labelled samples. Similarly, in terms of sample reweighting, the samples that
are noisiest are identified and weighted less compared to the clean samples [18].
Another family of LNL algorithms attempt to correct the noise (i.e., errors)
in the labels, typically resorting to the notion of transition matrix. [7,11,25].
Most of these approaches are based on the assumption that there is a single
transition probability between the noisy label and the ground-truth label [10].
Several noise tolerance loss functions have also been proposed to replace the con-
ventional cross-entropy loss [19,20,35]. Recent studies on LNL have shown that
hybrid approaches can further boost the algorithms and make them more robust
towards label noise [6]. A comprehensive survey on the various LNL algorithms
is presented in [26].

Co-teaching [9] of two networks by iteratively selecting clean samples (train-
ing samples having small loss) from the other network proved to be very suc-
cessful. DivideMix [15] used two independent networks for sample selection and
then adopted MixMatch [3] to further boost the label correction. DivideMix is
a popular benchmarking algorithm in LNL problems. Augmentation plays an
important role in LNL problems and was studied over DivideMix [22]. C2D fur-
ther explored the warmup stage of DivideMix [34]. Probabilistic Noise Prediction
[27] used two networks, one to predict the category label and the other to pre-
dict the noise type. ProMix [29] used an iterative selection process to select the
clean samples using a high-confidence selection technique. SplitNet [13] used an
additional learnable module to assist in splitting the clean and noisy samples.

Importance-weighted risk minimization [4] has been studied and employed
in different DNNs over the years. A common scheme of importance weighting is
weighting the loss terms [12] between different learning tasks. Class-conditional
approaches were adapted to LNL algorithms. Generalized Data Weighting via
Class-level Gradient Manipulation [5] converted the loss gradient into class-level
gradients by applying the chain rule and reweighting the gradients separately.
Noise transition matrix [33] was used to capture the class conditional label cor-
ruption and used total variation regularization to create more distinguishable
predictions. Class-dependent softmax classifier [17] was used to entangle the
classification of multi-class features. Our proposed approach is motivated by the
LNL methods that deal with the separation of clean and noisy data using differ-
ent means. As we observe during our study, using a global approach to all the
samples is suboptimal and using a class-conditional split at the early stages of
the algorithm makes the models more robust towards label noise.

3 The Label Noise Modelling Obstacle

Algorithms which allow efficient learning in the presence of noisy labels often
require the division of the training dataset between clean and noisy samples [15].
The samples are then treated differently by the learning algorithm, to extract
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Fig. 1. Empirical per-sample loss distribution between the clean samples and the noisy
samples after the warm-up phase (CIFAR-100 20% sym. noise).

the maximum amount of information possible from each of the partitions of the
data via semi-supervised learning [3]. The correct division between clean and
noisy data is thus crucial for effective learning in the presence of noisy labels.
Indeed, if too many noisy labels are classified as clean, then the algorithm risks
trusting wrongly labelled data, eventually introducing important biases in the
training process and leading to poor results. Conversely, if too many clean sam-
ples are deemed noisy, the algorithm would risk disposing of important infor-
mation, hence potentially impairing the learning outcome. A common approach
to splitting the dataset into clean and noisy samples is to create a noise model
of the whole training data, allowing to characterize the probability of a given
sample being clean (i.e., correctly labelled). Given the obvious limitations, it
is common to rely on some proxy measure such as loss, which can be used to
estimate to which extent a sample is likely to be clean or noisy [2]. We provide
a more detailed analysis of this approach and show how the global noise model
is suboptimal for some particular classes.

Global Label Noise Modelling. The typical approach to the label noise detec-
tion problem relies on the samples’ loss to determine whether a given sample
is deemed noisy or clean. The sample loss is obtained using a NN model, and
the underlying principle is that the NN will tend to yield larger loss values to
noisy samples because wrongly labelled data are a more complex pattern and
therefore are more difficult to learn [28]. Given a sample x in dataset D, its
corresponding one-hot encoded label y and a model pθ parameterized with the
set of parameters θ, the individual loss l of sample x is defined using the cross-
entropy loss l (pθ(x), y). The distribution of the cross-entropy loss is shown in
Fig. 1a. The distribution appears to follow two modes, with the clean samples
(in blue) exhibiting a characteristic loss generally lower than the noisy samples
(in red). To turn the cross-entropy loss into a probability of a given sample being
correctly (or wrongly) labelled, Li et al. [15] fit a two-component 1-D Gaussian
Mixture model (GMM) to the loss distribution l. They select the GMM compo-
nent g with lower mean and use it to model the probability ωi of a given sample
xi with loss li to be clean. Finally, they use a threshold τ on ωi to partition the
dataset into a clean set CD and a noisy set ND, given by:
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Fig. 2. CCLM splits the dataset according to labels, fitting a GMM to each independent
set and yielding the Clean-Noise partition from a decision boundary on each label
group’s probability distribution.

CD = {(xi, yi)|ωi ≥ τ}(xi,yi)∈D (1)
ND = {(xi, yi) |ωi < τ}(xi,yi)∈D ,

where ωi = p(g|li) and li = l(pθ(xi), yi).

Limitations of Global Label Noise Modelling: The global noise modelling app-
roach described above assumes that all samples are i.i.d and, therefore, that
their per-sample loss tends to behave consistently. However, with the presence
of noisy labels, it is obvious that some classes might be harder to learn than oth-
ers, leading to potentially different characteristic losses across different classes.
This situation can be appreciated in Fig. 1, where the per-sample loss distribu-
tion for the ‘otter’ class (Fig. 1b) differs from that of the ‘road’ class (Fig. 1c)
and, more importantly, from the global per-sample loss distribution of the whole
dataset (Fig. 1a). We identify this difference between the loss distribution of a
particular class and the global loss distribution as an obstacle towards the cor-
rect partition of the data into a clean set, CD and a noisy set, ND which, in its
turn, might hinder the training of NN models in the presence of noisy labels.
Moreover, we conjecture that taking a class-conditional approach to the prob-
lem of label noise detection can lead to better dataset partitions, and thus to
superior model accuracy after training in the presence of noisy labels. In the
following, we propose a class-conditional approach to the problem of noise label
detection, aimed at overcoming the aforementioned limitations of global label
noise modelling.

4 Proposed Methodology

Typical approaches in LNL assume all samples to be i.i.d. Consequentially, label
noise modelling is performed leveraging solely per-sample loss information, which
can impair the accuracy of the trained model. We propose an alternative label-
noise model we call Class-Conditional Local Noise Model (CCLM) that allows
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Fig. 3. Per-sample loss distribution of 50 of the CIFAR-100 label groups (20% sym.).
Label groups are formed according to the potential noisy labels.

to locally adapt the noise model to the specificity of each considered class, hence
improving the overall accuracy of the noisy label detection task. To achieve this,
we explicitly include the label class information in the noise modelling process.
Our proposed approach is depicted in Fig. 2. We take as input the training set
D composed of pairs (xi, yi)N

i=1, N being the total number of samples in D.
Then, the dataset is split by sample label y, yielding C disjoint subsets of D
such that D = ∪C

c=1Dc, with C being the total number of possible classes. Then,
for each subset Dc, we fit a two-component GMM to the per-sample loss and
use the GMM component with a lower mean to model the probability of the
samples being clean. We use the threshold τ over the probability of a sample
being clean to split the data into noisy and clean within each class. In other
words, the probability of a sample being clean is conditional on its loss and its
label, ωyi

i = p(g|li, yi). Finally, the Clean-Noisy partition is given by:

CD = ∪C
c=1CDc

= ∪C
c=1{(xi, yi) |ωc

i ≥ τ}(xi,yi)∈Dc
(2)

ND = ∪C
c=1NDc

= ∪C
c=1{(xi, yi) |ωc

i < τ}(xi,yi)∈Dc
,

Figure 3 illustrates the result of our noise detection model on 20% noise of the
CIFAR-100 dataset. The y-axis represents the per-sample loss associated with
each sample, with noisy samples being represented in red, and clean samples in
blue. The orange horizontal line depicts the split between noisy and clean labels
using the typical global noise modelling approach. The green area depicts the per-
class split between noisy and clean labels using our CCLM. We clearly see that
the shape of the per-sample loss distribution varies across classes (e.g., ‘apple’
vs. ‘aquarium fish’). Moreover, it can be seen that the global noise approach
does not distinguish between classes, yielding a single decision boundary for all
classes independently of their particular loss features. In contrast, our CCLM
provides a locally adapted division between clean and noisy data which allows
improving both the split accuracy and the NN accuracy when trained in the
presence of noisy labels.
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Table 1. Best and Last accuracy on CIFAR-10 and CIFAR-100.

Method CIFAR-10 CIFAR-100

20% 50% 80% 90% Asym. 40% 20% 50% 80% 90% Asym. 40%

DivideMix [15] Best 96.1 94.6 93.2 76 93.4 77.3 74.6 60.2 31.5 72.2∗∗

Last 95.7 94.4 92.9 75.4 92.1 76.9 74.2 59.6 31.0 72.4∗∗

CCLM (ours) Best 96.5 95.6 93.7 83.6 92.6 79.5 76.4 61.1 33.5 75.4

Last 96.3 95.3 93.6 82.4 91.5 79.1 75.9 60.9 33.0 75.1
∗∗ Results reported from Contrast2Divide [34]. DivideMix does not report this setting.

5 Experiments and Results

In this section, we present the datasets and the implementation details for eval-
uating our proposal. We show the performance with two types of label noise -
symmetric and asymmetric and compare them against the baseline DivideMix.

5.1 Datasets and Implementation Details

We conduct our evaluations using two benchmark datasets - CIFAR-10 and
CIFAR-100 [14]. Both CIFAR datasets contain images of 32×32 RGB pixels, with
50k training samples and 10k test samples. To maintain consistency across the
benchmark methods, we follow the same train/test split [15,34]. We conduct our
experiments on two different noise types. Symmetric (sym.) noise is generated
by replacing the labels for a percentage of the training data with a uniform
distribution over all the possible labels. Asymmetric (asym.) noise is injected by
replacing labels with similar classes (e.g. deer → horse, dog ↔ cat). For both
datasets, we use 18-layer PreAct Resnet following the settings of DivideMix
[15]. We keep all the hyperparameters the same as in DivideMix. We use a batch
size of 128 and train the models for 300 epochs using SGD optimizer with a
momentum of 0.9 and weight decay of 0.0005. We set an initial learning rate of
0.02 and reduce it by a factor of 10 after 150 epochs. For CIFAR-10, we use a
warmup of 10 epochs and for CIFAR-100, we use a warmup of 30 epochs. We
perform all experiments using PyTorch on NVIDIA RTX2080Ti GPU. Following
previous works [15,34], we report the best test accuracy across all epochs and
the average test accuracy over the last 10 epochs (identified as Last).

5.2 Results

First, we show the overall performance of the CCLM against DivideMix, which
follows a global noise model approach. We compare it against DivideMix as it
is considered a benchmark in LNL. The improvements brought by our proposed
method in terms of label noise detection are likely to have a positive impact on
algorithms which rely on the partition of the data between clean and noisy.
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Fig. 4. Clean-Noise split accuracy and std. dev. at the first epoch after warm-up.

Performance. Table 1 shows the test accuracy on CIFAR-10 and CIFAR-100
with different levels of label noise. Our CCLM outperforms the global noise label
modelling approach of DivideMix in all the noise settings on CIFAR-100. On
CIFAR-10, our approach fares better in all the noise settings except for the asym.
noise setting. This superior performance is explained by the local adjustment
(i.e., per class) of the label noise model, yielding a more accurate split between
clean and noisy samples, hence improving the final model accuracy. Regarding
CIFAR-10 asym. noise, where label groups are characterized by a limited number
of classes, adopting a class conditional strategy may lead to overly confident
discrimination between clean and noisy samples. This phenomenon could be
attributed to a lack of related classes, resulting in insignificant “help” on the
label group. The results in Table 1 show that our CCLM consistently outperforms
the original global noise modelling used in DivideMix, being also more stable at
low-noise settings. For both approaches, the accuracy of the models decreases
considerably as the noise ratio increases. One of the reasons for it is the over-
fitting of the models in large noise settings which might make loss-based noise
detection models less efficient. Hence, we further analyse the behaviour of CCLM
using two different metrics - Noise Division Accuracy and Classiness.

Noise Division Accuracy. We evaluate the noise detection accuracy at the
first epoch after the warmup. To this end, we first collect the per-sample loss
provided by the pre-trained DL model. Then, we feed the collected loss values
to both the global (DivideMix, using the threshold τ proposed for each noise
level) and our CCLM noise detection approaches, yielding two distinct clean-
noisy splits. Finally, using the reference solution, we evaluate the accuracy of
the splits. The result is shown in Fig. 4, where the average split accuracy and
the corresponding standard deviation for CIFAR-10 (Fig. 4a) and CIFAR-100
(Fig. 4b) are depicted, averaged over two runs. Our proposed method achieves a
better average accuracy in all noise levels except for 90% sym. noise. It should
be noted that a more accurate split after the warm-up does not guarantee better
overall model accuracy. In the case of 90% noise, predicting all the samples as
noisy would be very bad. The results also show that our method consistently
yields a smaller standard deviation than the original one, which indicates that
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Fig. 5. Model accuracy and Classiness on CIFAR-100 with 20% sym. noise. The accu-
racy drop is a result of the ending of the warm-up phase (at epoch 30).

Table 2. Training and Testing Classiness of CIFAR-100.

Train Test

Noise Rate 20% 50% 80% 90% 20% 50% 80% 90%

DivideMix [15] Average 11.0 14.3 18.2 18.1 16.0 16.7 20.0 19.8

Best 9 12.7 17.6 18.8 14 15 19 21

Ours Average 7.7 10.9 17.5 17.1 13.6 14.9 19.4 20.2

Best 6 8.8 17.1 17.1 12 13 19 22

our proposal yields a clean-noisy split that performs more evenly over the dif-
ferent classes. This results in a reduced bias towards the easier classes.

Classiness. In the classification task, it is clear that some classes can be more
robust to label noise than others. A desired property of any classification model
is to achieve similar accuracy in all the classes. In order to capture this accuracy
distribution over classes, we introduce the notion of classiness, measured as the
standard deviation of the model accuracy over the different latent classes. A
lower classiness value thus represents a more evenly accurate network. We study
classiness during training and testing. Training classiness allows us to inspect
whether the training process is biased towards some of the classes. With class-
agnostic label-noise modelling, difficult classes would be treated as mostly noise.
Testing classiness is the desired model property informing about the achieved
evenness. We show the training and testing model accuracy and classiness evo-
lution during the training process using 20% sym. noise of CIFAR-100 in Fig. 5,
where the first 30 epochs correspond to the warm-up phase. The training classi-
ness (Fig. 5b (painted area)) is smaller on average for our proposed CCLM.
This indicates that the model is less biased during training, allowing for better
learning in the posterior epochs. The average accuracy of the baseline model
and our proposal are similar, but the smaller classiness tends towards better
learning seen in the later epochs. Table 2 shows the average training classiness
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Table 3. Impact of the clean noise split threshold on the final model accuracy.

τ 0.5 0.6 0.7 0.8 0.9

DivideMix [15] 30.3 31.5 31.6 27.6 27.6

Ours 30.6 31.1 32.6 33.5 30.8

Fig. 6. Per-sample loss distribution of 50 classes of CIFAR-100 (90% sym.).

on CIFAR-100 with all different noise levels and the test classiness of the best
epoch. The best epoch is chosen as the one with the better test accuracy. We
see that our method has reasonably better test and train classiness on low noise
settings and comparable test and train classiness on higher noise settings.

Effect of Clean-Noise Splitting Threshold. In current LNL practice, the
label noise modelling step is most commonly used to perform the Clean-Noise
split. However, the resulting split also depends on the threshold used as a deci-
sion boundary. A critical aspect of the analysis entails examining the impact of
the selected threshold on the split outcome. To this end, we present Fig. 6 and
Fig. 3, which illustrate the feature space we aim to split. The label-noise mod-
elling procedure yields the probability of a sample belonging to the clean set,
ωi = p(g|li). Following Eq. (1) and Eq. (2), the Clean-Noisy partition is obtained
in a sample level by ωi > τ . In Table 3, we compare the model accuracy between
the global LNL model, and our CCLM, across different split thresholds. Upon
inspecting Fig. 6, we observe that a class-agnostic label noise modelling proce-
dure, with a high threshold, disregards harder classes entirely. In contrast, our
CCLM is not susceptible to this particular pitfall and is therefore capable of
managing higher thresholds.

6 Conclusions

Learning with Noisy Labels is a very important data-centric Machine learning
problem. Modern algorithms rely on the division of clean and noisy samples to
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make further learning decisions. In this paper, we study this division of training
samples and show how the global division is sub-optimal. On this front, we
propose a class-conditional label noise model, which uses a local division of clean
and noisy samples. We validate our approach comparing it with the baseline on
two benchmarking datasets. We further introduce two metrics - noise division
accuracy and classiness to show the improvements. Our future work focuses on
studying the impact of global vs. local threshold in other parts of the algorithm,
using other metrics to understand this division and validating the method on
other large LNL datasets.
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